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Abstract
Generally defined, speech modification is the process of changing certain perceptual properties
of speech while leaving other properties unchanged. Among the many types of speech informa-
tion that may be altered are rate of articulation, pitch and formant characteristics.Modifying the
speech parameters like pitch, duration and strength of excitation by desired factor is termed as
prosody modification. In this thesis prosody modifications for voice conversion framework are pre-
sented.Among all the speech modifications for prosody two things are important firstly modification
of duartion and pauses (Time scale modification) in a speech utterance and secondly modification of
the pitch(pitch scale modification).Prosody modification involves changing the pitch and duration of
speech without affecting the message and naturalness.In this work time scale and pitch scale modifi-
cations of speech are discussed using two methods Time Domain Pitch Synchronous Overlapped-Add
(TD-PSOLA) and epoch based approach.In order to apply desired speech modifications TD-PSOLA
discussed in this thesis works directly on speech in time domian although there are many variations
of TD-PSOLA.The epoch based approach involves modifications of LP-residual.
Among the various perceptual properties of speech pitch contour plays a key role which defines
the intonation patterns of speaker.Prosody modifications of speech in voice conversion framework
involve modification of source pitch contour as per the pitch contour of target.In a voice conversion
framework it requires prediction of target pitch contour. Mean/ variance method for pitch contour
prediction is explored.
Sinusoidal modeling has been successfully applied to a broad range of speech processing prob-
lems. It offers advantages over linear predictive modeling and the short-time Fourier transform for
speech analysis/ synthesis and modification. The parameter estimation of sinusoidal modeling which
permits flexible time and frequency scale voice modifications is presented. Speech synthesis using
three models sinusoidal, harmonic and harmonic-plus-residual is discussed.
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Chapter 1
Introduction
1.1 Motivation
Voice conversion (VC) is the process of modifying a source speaker’s speech to make it sound like
that of a different target speaker. Due to its wide range of applications, there has been a considerable
amount of research effort directed at this problem in the last few years. As an end in itself, it has use
in many anonymity and entertainment applications. For example, voice conversion can be used in the
film dubbing industry and/ or automatic translation systems to maintain the identity of the original
speakers when translating from the original language to another. It can also be applied to transform
an ordinary voice singing karaoke into a famous singer’s voice. Another application could be to
mask the identity of a speaker who wants to remain anonymous on the telephone. Computer aided
language learning systems can also benefit from voice conversion, by using converted utterances as
feedback for the learner. Another important application is the customization of text-to-speech (TTS)
systems. Typically, unit selection and concatenation TTS synthesis requires the recording of large
speech corpora by professional speakers. Because of the high cost involved in recording a separate
database for each new speaker, commercial text-to-speech implementations only generate speech
by a few speakers. Voice conversion can be exploited to economically synthesize new voices from
previously recorded and already available databases. In dialog systems, voice conversion technology
can be used to adapt speech outputs to different situations and make man-machine interactions more
natural. Systems can mimic human-human communication using emotion conversion techniques to
transmit extra information to the user on how the dialog is going by generating confident, doubtful,
neutral, happy, sad or angry utterances for example. They can also modify the focus to indicate more
precisely the informational item in question. Finally, as an attempt to separate speaker identity and
message, voice conversion can be very useful in core technologies such as speech coding, synthesis
and recognition to achieve very low bandwidth speech coding, lead to more accurate speech models
and improve the performance of state-of-the-art speech recognizers.
1.2 Thesis objective
The objective of this work is to study techniques for time and pitch scale speech modifica-
tions.
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The objective of time scale modification is to alter the speaking rate without changing the spectral
content of the original speech. Considering the source-filter model of speech, this means that the
time evolution of the excitation signal and the vocal tract filter needs to be time scaled.
The objective of pitch scale modification is to alter the fundamental frequency without affecting
the spectral envelope or the formant structure of the signal.
In general time scale and pitch scale speech modifications are not independent of each other.Simple
attempt for time scale modification such as playing speech sentence at faster or slower rate interacts
with pitch.Pitch increases if a speech utterance is played at faster rate than the original sampling
rate of utterance.Pitch decreases if speech utterance is played at slower rate than the original sam-
pling rate of the utterance. In this process naturalness of the speech is not preserved.This work has
been directed to apply prosody modifications(particularly time scale and pitch scale) while at the
same time preserving naturalness of the speech.
1.3 Outline
The remainder of the thesis is organized as follows:
• Chapter 2: Time Domain Pitch Synchronous Overlap -Add (TD-PSOLA) – It Presents simple
algorithm for pitch scale and time scale modification of speech. The algorithm details and
results for pitch and time scale modification are compared. Finally few drawbacks of the
algorithm are listed.
• Chapter 3: Prosody modifications of speech using epoch based approach – This chapter
presents mapping of pitch contour in voice conversion framework. A technique using epoch
based approach for LP-residual modification is discussed.
• Chapter 4: Sinusoidal analysis/synthesis – It presents the basics of model based approach for
speech modifications with analysis and synthesis of speech using sinusoidal modeling.
• Chapter 5: This concludes with a summary of work presented in this dissertation.
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Chapter 2
Time Domain Pitch Synchronous
Overlap -Add (TD-PSOLA)
2.1 Introduction
Prosody modifications of speech require pitch scale and time scale modifications independently. The
usual technique such as playing the original signal for pitch or time scale modification at faster
or slower rate does not work because by this method the pitch and duration can not be modified
independent of each other. There is a need for a technique that can be used to modify pitch and
duration independently.To achieve this TD-PSOLA method can be used and is discussed in this
chapter.
2.2 Definitions
2.2.1 Time scale modification
The goal of time scale modification is to change the apparent rate of articulation without affecting
the perceptual quality of the original speech. This requires the pitch contour to be stretched or
compressed in time and formant structure to be changed at slower or faster rate than the rate of
the input speech but otherwise not modified (contour shape is preserved).
2.2.2 Pitch scale modification
The goal of pitch modification is to alter the fundamental frequency in order to compress or expand
the spacing between the harmonic components in the spectrum preserving the short time envelope
(the locations and bandwidths of the formants) as well as the time evolution. In contrast to time-
scale modifications, in this case the pitch contour is modified without modifying time resolution of
the pitch contour.
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2.3 TD–PSOLA
This algorithm was proposed by F. Charpentier and E. Moulines [3]. TD–PSOLA is a digital signal
processing technique used for speech processing and more specifically speech synthesis. It can be
used to modify the pitch and duration of a speech signal. TD–PSOLA works by dividing the speech
waveform in small overlapping segments. To change the pitch of the signal, the segments are moved
further apart (to decrease the pitch) or closer together (to increase the pitch). To change the
duration of the signal, the segments are then repeated multiple times (to increase the duration) or
some are eliminated (to decrease the duration). The segments are then combined using the overlap
add technique.The idea of the method for time scale modification is shown in the Fig.2.1 below.
Figure 2.1 shows that the length of the original speech signal can be doubled by repeating each
frame twice without changing the pitch of original speech signal.
Figure 2.1: TD–PSOLA concept
The prerequisite for PSOLA is the analysis time instants.The speech signal is divided into over-
lapping frames by placing analysis window at these instants. These analysis time instants are
obtained at pitch synchronous rate for voiced parts of speech and for unvoiced parts the locations of
analysis time instants are random or can be set at constant rate till the next voiced segment begins.
In PSOLA framework for voiced part of speech the analysis time instants are also known as pitch
marks. In this project the pitch marks are the glottal closure instants (GCI) which are obtained by
using group delay analysis [1]. The determination of GCIs is briefly explained in sec. 2.5. In this
case PSOLA can exploit knowledge of the pitch to correctly synchronize the time segments, avoiding
pitch discontinuities. For the speech analysis in this project Hamming window is used.
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2.4 Algorithm(How does TD-PSOLA work)
2.4.1 Time scale modification
When we perform time stretching of an input sound, the time variation of the pitch period p(t)
should be stretched accordingly. If t˜ = αt describes the time-scaling function or time-warping func-
tion that maps the time t of the input signal into the time of the output signal, the local pitch period
of the output signal p˜(t˜) will be defined by p˜(t˜) = p˜(αt) = p(t). More generally, when the scaling
factor is not constant, a nonlinear time–scaling function can be defined as t˜ = T (t) =
t∫
0
α(τ)dτ and
used instead of t˜ = αt. The algorithm is composed of two phases: the first phase analyzes and
segments the input sound and the second phase synthesizes a time-stretched version by overlapping
and adding time segments extracted by the analysis algorithm.
• Analysis algorithm:
1. Determination of the pitch period p(t) of the input signal and of time instants (pitch
marks) ti. These pitch marks are in consistent with the glottal closures instants at a
pitch-synchronous rate during the periodic part of the sound and at a random rate during
the unvoiced portions. In practice p(t) is considered constant p(t) = p(ti) = ti+1 − ti on
the time interval (ti, ti+1) .
2. Extraction of a segment centered at every pitch mark ti by using a Hamming window
with length Li = 2p(t) (two pitch periods). In each iteration window centre is placed at
the current analysis instant ti covering one pitch period left and one pitch period right of
the current analysis instant ti.
• Synthesis algorithm: For every synthesis pitch mark t˜k –
1. Choice of the corresponding analysis segment (identified by the time mark) is obtained
by minimizing the time distance |αti − t˜k| .
2. Overlap and add the selected segment. Notice that some input segments will be repeated
for α > 1 (time expansion) or discarded when α < 1 (time compression).
3. Determination of the time instant t˜k+1 where the next synthesis segment will be centered,
in order to preserve the local pitch, by the relation t˜k+1 = t˜k + p˜(t˜k) = t˜k + p(ti).
2.4.2 Pitch scale modification
The algorithm for pitch scale modification is same as time scale modification except that the equation
for deriving synthesis time instants is modified as follows t˜k+1 = t˜k + p˜(t˜k) = t˜k + p(ti)/β where β
is pitch modification factor.
2.5 Determination of analysis time instants for TD-PSOLA
The determination of the pitch and the position of pitch marks (analysis time instants) is not a trivial
problem and could be difficult to implement robustly. The sound quality of the modification results
5
of the PSOLA algorithm essentially depends on the positioning of the pitch marks, since the pitch
marks provide the centers of the segmentation windows of the PSOLA. A method which determines
the pitch marks of a complete voiced frame is proposed in [1]. As mentioned above, in this project
the GCIs are taken as analysis time instants (pitch marks). In this section the method of extracting
the GCIs from the LP residual is briefly discussed. The group-delay analysis is used to derive the
instants of significant excitation from the LP residual [1]. The analysis involves computation of the
average slope of the unwrapped phase spectrum (i.e., average group-delay) for each frame. If X(ω)
and Y (ω) are the Fourier transforms of the windowed signal x(n) and nx(n), respectively, then the
group-delay function τ(ω) is given by the derivative of the phase function θ(ω) of X(ω) and is given
by
τ(ω) = θ′(ω) =
XRYR +XIYI
X2R + Y
2
R
(2.1)
where XR + jXI = X(ω) , and YR + jYI = Y (ω).
The justification and proof for the above formula is as follows: The group delay is defined
as the negative of the derivative of unwrapped phase of the signal. In MATLAB, group delay is
calculated using Fourier transform rather than differentiation. Note that all the Fourier transforms
are implemented using the discrete Fourier transform. In amplitude phase representation X(ω) can
be represented as
X(ω) = A(ω)ejθ(ω) (2.2)
where A(ω) is the absolute amplitude and θ(ω) is the phase of X(ω).
Taking the differentiation,
X
′
(ω) = A
′
ejθ(ω) +A(ω)ejθ(ω)(jθ
′
(ω))
X
′
(ω)
X(ω)
=
A
′
(ω)
A(ω)
+ jθ
′
(ω) (2.3)
The group delay τ(ω) is the negative of the imaginary part in this equation, i. e.,
τ(ω) = −θ′(ω) = −IM
[
X
′
(ω)
X(ω)
]
(2.4)
Now using the Fourier transform property −jnx(n) F.T.↔ X ′(ω) above equation can be written as
τ(ω) = −IM
[
F.T.(−jnx(n))
F.T.(x(n))
]
= Re
[
F.T.(nx(n))
F.T.(x(n))
]
(2.5)
We have nx(n)
F.T←→ Y (ω) = YR + jYI and x(n) F.T.←→ X(ω) = YR + jYI Then
τ(ω) = Re
[
YR + jYI
XR + jXI
]
=
[
XRYR +XIYI
X2R +X
2
I
]
(2.6)
Any isolated sharp peaks in τ(ω) are removed by using a 3-point median filtering. The average
value τ of the smoothed τ(ω) is the value of the phase slope function for the time instant corre-
sponding to the center of the windowed signal x(n).The phase slope function is computed by shifting
the analysis window by one sample at a time. The instants of positive zero-crossings of the phase
slope function correspond to the instants of significant excitation. Figure 2.2 illustrates the results
of extraction of the GCIs for voiced segment.
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Figure 2.2: Extraction of the GCIs for voiced segment
For generating the fig. 2.2, a 10th–order Linear Prediction (LP) analysis is performed using a
frame size of 20 ms and a frame shift of 5 ms. Throughout this study a signal sampled at 8 kHz is
used. The signal in the analysis frame is multiplied with a Hamming window to generate a windowed
signal. It can be noticed from the fig. 2.2 that the GCIs are in consistent with the positive zero
crossing of phase slope function.
2.6 Results and conclusions
Results for time scale modification factor using TD-PSOLA:
• Results are shown for the following cases
1. Time scale modification factor 2
2. Time scale modification factor 0.5
3. Pitch scale modification factor 2
4. Pitch scale modification factor 0.5
• Time scale modification for modification factor 2: Applying TD-PSOLA , in this case,
stretches the original speech signal by twice of its length without modifying the pitch. Table
2.1 shows how do the analysis time instants are mapped into synthesis time instants for this
case.
It is noticed from the above Table 2.1 that the frames are repeated for time stretching. Cor-
responding to each synthesis time mark in the second row the frames located at analysis time
mark in the first row are selected and overlap added to synthesize time stretched output speech.
Figure 2.3 shows the original speech utterance and time stretched speech utterance.
Table 2.1: Time scale modification for modification factor 2
Analysis Time Instants 1 2 2 3 3 4 4 5 5 5 6 6 7 7 8 9 9 10 10 11
Synhesis Time Instants 220 296 344 392 445 498 537 576 647 718 789 886 983 1093 1203 1261 1308 1355 1413 1471
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Figure 2.3: (a)Original waveform(b)Time stretchhed waveform by a factor 2
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Figure 2.4: (a)Spectrogram for original utterance(b)Spectrogram for time stretched utterance
Comparison of spectrograms shows that formants evolution on time scale is stretched but
otherwise not modified.
• Time Scale Modification Factor 0.5:
Applying TD-PSOLA , in this case, compresses the original speech signal by half of its length
without modifying the pitch. Table 2.2 shows how do the analysis time instants are mapped
into synthesis time instants for this case.
It is noticed from the table2.2 that the some of the frames are discarded for time compression.
Table 2.2: Time Scale Modification Factor 0.5
Analysis Time Instants 1 4 5 7 10 12 14 16 17 19 21 23 24 26 29 31 33 35 37 39
Synhesis Time Instants 55 131 170 241 351 409 455 498 556 640 711 762 813 874 953 1013 1076 1141 1202 1264
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Figure 2.5 shows the original speech utterance and time compressed speech utterance.
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Figure 2.5: (a)Original waveform(b)Time compressed waveform by a factor 0.5
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Figure 2.6: (a)Original spectrogram(b)Time compressed spectrogram
Comparison of spectrograms shows that formants evolution on time scale is compressed but
otherwise not modified.
• Pitch scale modification factor 2: Applying TD-PSOLA, in this case, increases the pitch
to double of its original pitch. Figure 2.7 shows original utterance and pitch modified utterance
without changing the duration. It is more evident by looking at the narrow band spectrograms
in the figures below.
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Figure 2.7: (a)Original(b)Pitch modified waveform by factor 2
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Figure 2.8: (a)Narrow band spectrogram of original utterance(b)Narrow band spectrogram for pitch
modified utterance by a factor 2
Spectrograms comparison shows that the gap between horizontal striations increases as the
pitch increases.
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• Pitch scale modification factor 0.5: Applying TD-PSOLA, in this case, decreases the pitch
to half of its original pitch.Figure 2.9 shows the original and pitch modified waveforms.
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Figure 2.9: (a)Original waveform(b)Pitch modified waveform by a factor 0.5
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Figure 2.10: (a)Narrow band spectrogram of original utterance(b)Narrow band spectrogram for
pitch modified utterance by a factor 0.5
Spectrograms comparison shows that the gap between horizontal striations decreases as the
pitch decreases.
• Conclusions:
1. The range of modification factors is typically from 0.5 to 2. Modification factors out of
this range cause degradation in synthesized speech quality.
2. Performance for time scale modifications is better than the pitch scale modification in
terms of naturalness of synthesized speech. Pitch modified speech sounds robotic.
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3. Although TD-PSOLA has several drawbacks but it is simple and computationally fast
for implementation because TD-PSOLA directly operates on speech in time domain.
2.7 Drawbacks of TD-PSOLA
1. It modifies the pitch and duration only by constant factors. In general time varying speech
modifications are required.
2. The accuracy of TD-PSOLA depends on the locations of pitch marks and the window chosen
for segmentation.
3. If unvoiced parts repeat a number of times (due to large modification factors) then synthesized
utterance sounds with audible buzziness.
4. Proper concatenation of the frames at frame boundaries is required otherwise pitch distortion
and phase mismatch at frame boundaries occur which further degrade the speech quality.
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Chapter 3
Prosody modifications of speech
using epoch based approach
3.1 Introduction
Voice conversion algorithms aim to modify the utterance of a source speaker to sound as if it was
uttered by a target speaker. Since speaker identity consists weave of factors including short-term
spectral characteristics, prosody and linguistic style, it is important to transform each such factor
as successfully as possible. There have been a substantial amount of work in the literature that
focuses on the conversion of spectral parameters which are related to the timbre, i.e. how the voice
itself sounds [7]. Pitch is arguably the most expressive manifestation of speaker-dependent prosody,
which also includes factors such as phone duration, loudness and pause locations [8]. For instance,
different speakers have different pitch ranges (e.g. women’s mostly higher than men’s), which can be
represented by calculating the mean pitch and pitch variance for each speaker. In fact, the simplest
and most widely used way of converting one speaker’s pitch contour to another is to modify pitch
values on a frame by frame basis using a linear transformation based on the mean and variance of each
of the speakers [9]. The goal of this chapter is to explore pitch and duration modification of speech
which falls under the more general area of prosody transformation. Voice conversion framework
requires prediction of target pitch contour in order to impose the prosody characteristics of target
on the source utterance. In this chapter mean-variance method for target pitch contour prediction
is explored. To impose the predicted contour on source utterance LP-residual modification using
epoch (instants of significant excitation) based approach is discussed which allows to synthesize
speech with the predicted prosody characteristics.
3.2 Background
3.2.1 What is a Pitch Contour?
A pitch contour refers to the rise and fall of the fundamental frequency, f0 , over time. Since f0 is
only defined for voiced sections of a speech signal, the pitch contour has positive pitch values for
voiced intonation groups separated by gaps for unvoiced regions of the speech signal. The unvoiced
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Figure 3.1: Example of pitch contour
regions corresponds to the condition where the vocal chords are not vibrating, such as the production
of certain plosives or fricatives. Pitch contours reflect expressions of emotion as well as linguistic
features such as the sentence type. For instance, most declaratives have an overall declining pitch
contour. On the other hand, yes-no questions usually have an extreme final upturn in the last
intonational phrase which sometimes causes the overall contour to incline. While such patterns are
more or less speaker-independent, there may be intonational trends specific to a speaker or a group
of speakers. Figure 3.1 shows example of pitch contour with the speech waveform label with voiced
section.
3.2.2 Pitch extraction
In order to get pitch contour for a given speech utterance the utterance is processed for GCI detection.
GCIs are taken as anchor points for pitch determination. The difference between the next GCI
location to current GCI location over a voiced section of speech yields the pitch value associated to the
current GCI location. For example take two consecutive GCI locations at tk and tk+1 (in samples).
The pitch vale at instant tk is given by f0 =
tk+1−tk
fs
in Hz; where fs is the sampling frequency
of speech waveform. Pitch values are determined for each GCI and plotted against corresponding
GCI. A 10 point Smoothing filter on the pitch values is applied to make the pitch contour smooth.
Chapter 2 describes how the GCIs are derived using group delay analysis.
3.2.3 Speech corpus
A speech corpus consists of a collection of recordings from a number of speakers. Constructing a
corpus that is appropriate for the task at hand is essential since the corpus is the cornerstone of
all experiments. Not only is the data used for training the various transformation methods but
also the availability of a representative range of test utterances directly influences the success of the
evaluation procedure. The speech corpus for this study contains data from CMU arctic database.
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3.3 Pitch conversion algorithm
3.3.1 Mean/variance linear transformation
Substantial work has been undertaken by [7, 9, 10] on the area of spectral conversion, which in-
volves mapping between spectral envelopes of two speakers at the segmental level. To handle the
pitch transformation, all three works employ the mean-variance linear conversion method, with the
assumption that “average pitch frequency already carries a great deal of the speaker specic infor-
mation” [9]. This method involves converting the source f0 values such that the converted contour
matches the average pitch value and the pitch range of the target speaker, while maintaining the
intonation pattern of the source. The underlying assumption is that each speaker’s f0 values belong
to a Gaussian distribution with a specific mean and variance. A linear transformation can then be
defined as follows:
t = h(s) = as+ b (3.1)
where is the instantaneous target pitch value and is the instantaneous source pitch value. The
goal is to come up with a and b in terms of the mean and variance values of the two Gaussian
distributions.
If the target pitch values have a pdf of pt with parameters (µt,σt) and the source pitch values have
a pdf with parameters (µs,σs), the pdf of the linear transformation can be written as follows[11]:[
pt(t) =
∂h−1(t)
∂t
ps(h
−1(t))
]
(3.2)
Taking the inverse of the linear transformation in eq.(3.2)
h−1(t) =
t− b
a
(3.3)
[
∂h−1(t)
∂t
=
1
a
]
(3.4)
Therefore eq.(3.2) can be rewritten as,
pt(t) =
1
a
ps(
t− b
a
) (3.5)
Replacing both sides by the expression for a Gaussian distribution, we get[
1√
2piσ2t
exp(− (t− µt)
2
2σ2t
) =
1
a
1√
2piσ2s
exp(
( t−ba − µs)
2
2σ2s
)
]
(3.6)
Taking the logarithm of both sides we end up with
log(
aσs
σt
)− (t− µt)
2
2σ2t
= − (
t−b
a − µs)
2
2σ2s
(3.7)
The second order terms can then be equated to produce an expression for a in terms of the
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Figure 3.2: Block diagram for pitch contour mapping using mean/ variance method
variances of the source and target pitch distribution.
1
2σ2t
= − 1
2a2σ2s
(3.8)
a =
σt
σs
(3.9)
Substituting the value of a into eq.(??) we get
b = µt − σtµs
σs
(3.10)
Putting the values of a and b in eq.(3.1), we get the linear transformation conversion as
t = (
σt
σs
)s+ (µt − σtµs
σs
) (3.11)
The flow diagram of the pitch conversion system can be seen in Fig. 3.2:
• Training
The first step is to acquire a set of training sentences spoken by both the source and target. The
source mean pitch value is acquired by averaging the pitch values of all voiced sections in training
utterances spoken by source. In the same way target mean pitch value is obtained. The source pitch
standard deviation value is calculated using the formula
σs =
√√√√ 1
Ns − 1
Ns∑
n=1
(sn − µs)2 (3.12)
where is the total number source utterances in training database and is instantaneous source pitch
value. Thirty utterances of each speaker were used to extract the mean pitch and pitch standard
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deviation over all voiced frames. These values were set aside for each speaker. This concludes the
training phase of mean/variance method.
• Conversion
In the conversion stage, the pitch contour of the new input source utterance was extracted as
detailed in sec 3.2.2. Pitch values of each voiced frame is then converted using eq. 11.
3.4 Mean/Varience method Results
Figure 3.3 and fig. 3.4 show the source contour and target contour for the utterance “It seemed
nearer to him since he had seen and talked with Gregson.” Source is a male speaker and target
is a female speaker. Note that pitch range for source speaker is roughly 100 to 150 Hz and for
target speaker it is roughly 200 to 220 Hz. Figure 3.5 shows the source and converted contours.
As a result of mean/ variance linear transformation from the figures it can be observed that this
technique fails in capturing the local rises and falls of the original target contour although the pitch
range is more or less converted to target pitch range. Note that if the source parameters were to
be resynthesized with the new contour at this point, the resulting speech signal would retain all
the original voice characteristics of the source speaker except for the pitch contour which has been
converted to the target. This results in a very awkward speech signal, which does not sound similar
to either the source or the target and it is very difficult to evaluate objectively or subjectively.This
further motivates for exploring alternative algorithms in pitch conversion.
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3.5 Prosody modification using instants of significant excita-
tion
3.5.1 Introduction
Once a target pitch contour has been predicted the next step is to change the source prosody as
per the target pitch contour. In this section a method to impose a given pitch contour on the
source utterance is presented. The method makes use of the instants of significant excitation. The
instants of significant excitation refer to the instants of glottal closure in the voiced region and to
some random excitations like the onset of burst in the case of non-voiced regions. The instants of
significant excitation are also termed as epochs. The proposed method does not distinguish between
voiced and non-voiced regions in the implementation of the desired pitch contour modification.The
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method manipulates the source LP-residual using the epochs which are derived from the given pitch
contour to be imposed.
3.5.2 Basis for the Method
The proposed method for pitch contour manipulation makes use of the properties of the excitation
source information. The residual signal in the Linear Prediction (LP) analysis is used as an excitation
signal. This is because while extracting the LP residual from speech using LP analysis, the second
order correlations are removed from speech. The residual signal is manipulated by using resampler
either for increasing or decreasing the number of samples required for the desired pitch contour
modification. The residual manipulation is likely to introduce less distortion in the speech signal
synthesized using the modified LP residual and LP coefficients (LPCs). The time-varying vocal tract
system characteristics are represented by the LPCs for each analysis frame. Since the LPCs carry
the information about the short-time spectral envelope, they are not altered in the proposed method
for pitch contour modification. LP analysis is carried out over short segments (analysis frames) of
speech data to derive the LP coefficients and the LP residual for the speech signal. There are four
main steps involved in the pitch contour manipulation:
1. Deriving the instants of significant excitation (epochs) from the LP residual signal.
2. Deriving a modified (new) epoch sequence according to the desired pitch contour.
3. Deriving a modified LP residual signal from the modified epoch sequence, and
4. Synthesizing speech using the modified LP residual and the LPCs. The method of extracting
the instants of significant excitation was discussed in section of chap in this thesis.
Throughout this study a tenth-order LP analysis is performed using a frame size of 20 ms and
a frame shift of 5 ms. Speech signal sampled at 8 kHz is used. The signal in the analysis frame is
multiplied with a Hamming window to generate a windowed signal. Note that for nonvoiced speech,
the epochs occur at random instants, whereas for voiced speech the epochs occur in the regions of the
glottal closure, where the LP residual error is large. The time interval between two successive epochs
corresponds to the pitch period for voiced speech. With each epoch, three parameters, namely, time
instant, epoch interval, and LP residual are associated. These parameters can be called as epoch
parameters.
The prosody manipulation involves deriving a new excitation (LP residual) signal by incorpo-
rating the desired modification in the duration and pitch period for the utterance. This is done by
first creating a new sequence of epochs from the original sequence of epochs. For this purpose, all
the epochs derived from the original signal are considered, irrespective of whether they correspond
to a voiced segment or a non-voiced segment. The methods for creating the new epoch sequence for
the desired prosody modification are discussed in nesxt sections. For each epoch in the new epoch
sequence, the nearest epoch in the original epoch sequence is determined, and, thus, the correspond-
ing epoch parameters are identified. The original LP residual is modified in the epoch intervals of
the new epoch sequence, and, thus, a modified excitation (LP residual) signal is generated. The
modified LP residual signal is then used to excite the time varying all-pole filter represented by the
LPCs. For pitch period modification, the filter parameters (LPCs) are updated according to the
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Figure 3.6: Prosody modification using epoch based approach
20
frame shift used for analysis of the original signal. For duration modification, the LPCs are updated
according to the modified frame shift value. Generation of the modified LP residual according to the
desired pitch period and duration modification factors is described in sec.3.5.5 and the speech syn-
thesis procedure in sec.3.6. Figure 3.6 shows the block diagram indicating various stages in prosody
modification.
3.5.3 Pitch period modification
The objective is to generate a new epoch sequence, and then a new LP residual signal according
to the desired pitch period modification factor. Note that for generating this signal, all epochs in
the sequence are considered, without discriminating the voiced or non-voiced nature of the segment
to which the epoch belongs. Thus, it is not necessary to identify the voiced, unvoiced and silence
regions of speech. Figure 3.7 illustrates the prosody modification where the pitch period is reduced
by a factor α = 1.5. The original epoch interval plot is shown by the solid curve, and the desired
epoch interval plot is shown by the dotted curve, which is obtained by multiplying the solid curve
by α. The original epochs are marked by circles (‘o’) on these two curves. The epoch interval at any
circle is the spacing (in number of samples) between this and the next circle. The solid and dotted
curves are obtained by joining the epoch interval values. Starting from the point A, the new epoch
interval value is obtained from the dotted curve, and this value is used to mark the next new epoch
B along the x–axis. The epoch interval at this instant on the dotted curve is used to generate the
next new epoch C, and so on. The new epoch sequence is marked as ‘×’ along the dotted curve, and
also along the x–axis. The nearest original epoch for each of these new epochs is also marked as a
sequence of circles (‘o’) along the x–axis. The procedure for the generation of new epoch sequence,
when the pitch period is scaled up, is similar to the one used for the case of fig. 3.7, except that the
new epoch interval values are obtained from the scaled up plot. Note that in the above discussion
for pitch period modification, the random epoch intervals in the nonvoiced regions are modified by
the same pitch period modification factor. As we will see later in sec. 3.6, this will not have any
effect on the synthesized speech.
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3.5.4 Duration Modification
For generating the desired epoch interval plot for duration modification, the original epoch interval
plot is re-sampled according to the desired modification factor. The generation of new epochs using
the re-sampled epoch interval is done in the same way as it is done in the case of pitch modification.
3.5.5 Modification of LP residual
After obtaining the modified epoch sequence, the next step is to derive the excitation signal or LP
residual. For this, the original epoch (represented by a ‘o’) closest to the modified epoch ‘×’ is
determined from the sequence of ‘o’ and ‘×’ along the desired epoch interval curve. As mentioned
earlier, with each original epoch, i.e., the circles (‘o’) in the plots, there is an associated LP residual
sequence of length equal to the value of the original epoch interval for that epoch. The residual
samples are placed starting from the corresponding new epoch. Since the value of the desired epoch
interval (M) is different from the value of the corresponding original epoch interval (N), there is a
need either to delete some residual samples or append some new residual samples to fill the new epoch
interval. Increasing or decreasing the number of LP residual samples for pitch period modification
can be done in two ways. In the first method, all the residual samples are used to resample them to
the required number of new samples. While there is no distortion perceived in the synthetic speech,
the residual samples are expanded or compressed even in the crucial region around the instant of
glottal closure. In the second method, a small percentage of the residual samples within a pitch
period are retained (i.e., they are not modified), and the rest of the samples are expanded and
compressed depending on the pitch period modification factor. The residual samples to be retained
are around the instant of glottal closure, as these samples determine the strength and quality of
excitation. Thus, by retaining these samples, we will be preserving the naturalness of the original
voice. The percentage of samples to be retained around the instant of glottal closure may not be
critical, but if we use a small number (say less than 10% of pitch period) of samples, then we may miss
some crucial information in some pitch periods, especially when the period is small. On the other
hand, if we consider large number (say about 30%) of samples, then we may include the complete
glottal closure region, which will not change in proportion when the pitch period is modified. In this
study 20% of the residual samples are used. In this study, we resample the residual samples instead
of deleting or appending the samples. The first 0.2N (nearest integer) residual samples are retained
and the remaining N − 0.2N residual samples are resampled to generate M − 0.2N new samples.
3.6 Generating the synthetic signal
The modified LP residual signal is used as an excitation signal for the time varying all-pole filter.
The filter coefficients are updated for every P samples, where P is the frame shift used for performing
the LP analysis. In these studies, a frame shift of 5 ms and a frame size of 20 ms are used for LP
analysis. Thus, the samples correspond to 5 ms when the prosody modification does not involve any
duration modification. On the other hand, if there is a duration modification by a scale factor β,
then the filter coefficients (LPCs) are updated for every P samples corresponding to 5β ms. Since
the LP residual is used for incorporating the desired prosody modification, there is no significant
distortion due to resampling the residual samples both in the voiced and in the non-voiced regions.
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This is because there is less correlation among samples in the LP residual compared to the correlation
among the signal samples.
3.7 Results and discussion
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Figure 3.8: Pitch modification by a factor 0.66
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Figure 3.9: Original male voice
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Figure 3.10: Speech signal and its narrowband spectrogram for the utterance Author of the danger trail,
Philip Steels, etc. (a)Pitch period modification factor = .66 (pitch decreases in this case), (b) original, and
(c) pitch period modification factor = 1.5. (pitch increases in this case).
Figures 3.8 and 3.9 show pitch modified waveforms with narrowband spectrograms and with
original waveform in the middle. Epoch based prosody approach provides flexible pitch and duration
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modifications by manipulating LP residual. Since the prosody modification is done on the residual,
the spectral features are not modified. Thus, there are no spectral distortions. But there will be
some degradation in the naturalness of the synthesized speech when large pitch period modification
factors are involved, typical range of modification factors observed for this method is from 0.5 to 2.
Figure 3.11 shows modified LP residual for pitch modification factor 0.66 and 1.5 on the same
time scale. It can be noticed from the figure that the spacing between the consecutive peaks in LP
residual increases in case of α = 0.66 (That causes pitch to decreases) and the spacing decreases in
case of α = 1.5 (That causes pitch to increase).
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Figure 3.11: Fig (a) Original LP residual, (b) modified LP residual for pitch modification factor
0.66, (c) modified LP residual for pitch modification factor 1.5
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Chapter 4
Sinusoidal analysis/synthesis
4.1 Introduction
This chapter presents speech synthesis using model based approach for speech signals. The sinusoidal
model of speech waveform for producing synthetic speech is discussed which was first introduced by
[4]. The sinusoidal model is based on extracting amplitudes, frequencies and phases of the component
sine waves from the short time Fourier transform and using them for the production of synthetic
speech. The use of a spectral representation of a sound yields a perspective that is sometimes closer
to the one used in a sound-engineering approach. Frequency-domain analysis is a somewhat similar
process to the one performed by the human hearing system, it yields fairly intuitive intermediate
representations.
4.2 Basics of sinusoidal model
In the linear speech production model, the continuous-time speech waveform s(t) is assumed to be
the output of passing a source excitation waveform u(t) through a linear time-varying filter as
s(t) =
t∫
0
h(t, t− τ)u(τ)dτ (4.1)
where the excitation is convolved with a different impulse response at each time t. It is proposed
that the excitation u(t) be represented by a sum of sinusoids of various amplitudes, frequencies and
phases [5].
u(t) = Re
K(t)∑
k=0
ak(t)exp[jφk(t)] (4.2)
and where phase function
φk(t) =
t∫
0
Ωk(σ)dσ + φk (4.3)
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Figure 4.1: s(t) is the output of h(t, τ)
and K(t) is the number of sine wave components at time t.
For the kth sine wave component, ak(t) and Ωk(t) represents the time varying amplitude and
frequency, and φk is a fixed offset to account for the fact that at time t = 0, the sine waves are
generally not in phase. Now, the vocal tract transfer function in terms of its time-varying magnitude
M(t,Ω) and phase Φ(t,Ω) components is written as H(t,Ω) = M(t,Ω)exp [jΦ(t,Ω)]. Then if the
parameters of the excitation, ak(t) and Ωk(t), are constant over the duration of the impulse response
of the vocal tract filter, the speech waveform can be written as
s(t) = Re
K(t)∑
k=1
ak(t)M [t,Ωk(t)] exp
j( t∫
0
Ωk(σ)dσ + Φ [t,Ωk(t)] + φk)
 (4.4)
by combining the excitation and vocal tract amplitudes and phases, the above equation can be
written more concisely as
s(t) =
K(t)∑
k=1
Ak(t)exp [jθk(t)] (4.5)
where
Ak(t) = ak(t)M(t,Ωk(t))
θk(t) = φk(t) + Φ [t,Ωk(t)] =
t∫
0
Ωk(σ)dσ + Φ [t,Ωk(t)] + φk
Equation 4.5 is the basic sinewave model that can be thought of as speech-independent, i.e., the
model can be applied to any signal. The next step is to develop a robust procedure for extracting
the amplitudes, frequencies, and phases of the component sinewaves from the speech waveform.
4.2.1 Estimation of Sine wave Parameters
To obtain a flavor for the analysis and synthesis problem, a simple example of analyzing and synthe-
sizing a single sinewave is considered. Consider the discrete-time counterpart to the continuous-time
sinewave model In particular consider a single discrete-time sinewave of the form x(n) = Acos(ω0n)
derived from a 500 Hz continuous-time signal at 10000 samples/s. We are motivated to form an esti-
mate of the amplitude and frequency of the sinewave as the amplitude and frequency of the spectral
maximum, denote these estimates by Aˆ and ωˆ0, respectively. We can then synthesize sinusoid as
xˆ(n) = Aˆcos(ωˆ0n). Figure 4.2 shows the sinusoid and its Fourier transform. Figure 4.3 shows the
estimated peak and location from Fourier transform and synthesized sinusoid back.
The general analysis/ synthesis problem is to take a speech waveform, extract the parameters
that represent a quasi-stationary portion of that waveform, and use those parameters to reconstruct
an approximation that is “as close as possible” to the original speech. The general estimation
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Figure 4.3: The sinusoid (red) is synthesized by picking peak in the Fourier transform
problem in which the speech signal is to be represented by a sum of sinewaves is a difficult one to
solve analytically. An estimator is derived based on a Set of idealized assumptions; then, once the
structure of the ideal estimator is understood, modifications are made as the assumptions are relaxed
to better match the real speech waveform. Looking ahead to fig. 4.4 which shows Fourier transform
of a voiced segment of speech. The transform consists several peaks indicating that voiced segment
can be reconstructed as a sum of sinusoids by estimating the amplitudes, frequencies and phases
from the Fourier transform. The frequency locations and amplitudes of peaks are estimated from
absolute magnitude spectrum. Phase values are determined from the unwrapped phase spectrum at
frequency locations of the peaks.
For a speech waveform the above procedure for parameter detection is repeated for each frame
and the frames are overlap added to reconstruct the speech. The block diagram (fig. 4.6) shows the
sinusoidal analysis/ synthesis system.
The accuracy of the peak detection method is limited by the frequency resolution of the FFT. In
order to improve the implementation of the sinusoidal model, we have to use more refined methods for
estimating the sinusoidal parameters. An efficient spectral interpolation scheme to better measure
peak frequencies and magnitudes is to interpolate FFT spectrum, by using samples immediately
surrounding the maximum-magnitude sample. This is illustrated in fig.4.7 , where magnitudes are
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Figure 4.5: Original (blue) and synthesized voiced segment(red) using sinusoidal modeling
expressed in dB. For a spectral peak located at bin kp , let us define
[
α = XdBw (kp − 1), β = XdBw (kp)
]
and γ = XdBw (kp+ 1). The center of the parabola in bins is kˆp = kp+ (α−γ)/2(α−2β+γ), and the
estimated amplitude aˆp = β− (α− γ)2/8(α−2β+γ). Then the phase value of the peak is measured
by reading the value of the unwrapped phase spectrum at the position resulting from the frequency
of the peak. The type of window used also has a very strong effect on the qualities of the spectral
representation we will obtain two features of the transform of the window are especially relevant to
whether a particular function is useful or not: the width of the main lobe, and the main to highest
side lobe relation.
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Figure 4.6: Sinusoidal analysis/ synthesis system
Figure 4.7: Parabolic interpolation of peaks
The main lobe bandwidth is expressed in bins (spectral samples) and, in conjunction with the
window size, defines the ability to distinguish two sinusoidal peaks (see fig. 4.8).
The following formula expresses the relation that the window size, M , the main lobe bandwidth,
Bs , and the sampling rate, fs , should meet in order to distinguish two sinusoids of frequencies fk
and fk+1:
M ≥ Bs fs|fk+1 − fk| (4.6)
Common windows that can be used in the analysis step are: rectangular, triangular, Kaiser-Bessel,
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Figure 4.8: Effect of window size in distinguishing between two sinusoids
Hamming, Hanning and Blackman-Harris. The fig. 4.9 shows whole speech utterance synthesized
using sinusoidal modeling.
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Figure 4.9: The orginal(blue) and synthesized speech(red) using sinusoidal modeling
4.3 Spectral Harmonics
4.3.1 From sinusoidal model to harmonic model
A very useful constraint to be included in the sinusoidal model is to restrict the sinusoids to being
harmonic partials, thus to assume that the input sound is monophonic and harmonic. With this
constraint it should be possible to identify the fundamental frequency, F0, at each frame, and to have
a much more compact and flexible spectral representation. When a relevant fundamental frequency
is identified, we can decide to what harmonic number each of the peaks belongs and thus restrict the
sinusoidal components to be only the harmonic ones. Such a model is called Harmonic model. The
diagram of the complete system is shown in fig.4.10. In this project two way mismatch algorithm
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Figure 4.10: Block diagram of an analysis/ synthesis system based on the harmonic model
[6] was used for F0 detection. The fig. 4.11 shows synthesized speech using harmonic model.
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Figure 4.11: Original (blue) and synthesized speech (red) using Harmonic modeling overlaid
4.3.2 Spectral Harmonics plus residual model
Once we have identified the harmonic partials of a sound, we can subtract them from the original
signal and obtain a residual component. It is shown in the block diagram fig. 4.12.The harmonic and
residual waveforms are shown in 4.13.The sinusoidal subtraction in the spectral domain is in many
cases computationally simple and hence residual spectrum is obtained by subtracting harmonics
spectrum from original spectrum then IFFT is applied on residual spectrum to get residual in time
domain. It is worth to mention here that the sinusoidal information obtained from the analysis is
very much under-sampled, since for every sinusoid we only have the value at the tip of the peaks,
and thus we have to re-generate all the spectral samples that belong to the sinusoidal peak to be
subtracted. The synthesized signal, y(n), is the sum of the harmonic and residual components. The
function also returns the harmonic and residual components as separate signals.
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Figure 4.12: Block diagram of harmonics plus residual analysis/synthesis system
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Figure 4.13: synthesized waveforms using(a)Harmonics(b)Residual
Once we have, either the residual spectrum or the residual time signal, it is useful to study it
in order to check how well the partials of the sound were subtracted and therefore analyzed. If
partials remain in the residual, the possibilities for transformations will be reduced, since these are
not adequate for typical residual models. In this case, we should re-analyze the sound until we get
a good residual, free of harmonic partials. Ideally, for monophonic signals, the resulting residual
should be as close as possible to a stochastic signal.
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Figure 4.14: (a)Original and (b)synthesized speech using Harmonic plus residual model
4.4 Sinusoidal analysis/synthesis Conclusions
In this chapter, an analysis/synthesis system based on a sinusoidal model has been presented. The
resulting representation is characterized by the amplitudes, frequencies, and phases of the component
sine waves. The sinusoidal modeling of speech is widely used for voice transformation. Harmonic
plus residual model is a simplification applied to sinusoidal model. In harmonic plus residual model
the residual can further be analyzed for the acoustic cues present in it. In sinusoidal modeling the
estimation of parameters is of crucial importance. It appears that the resulting quality is strongly
influenced by the way the parameters are extracted from the data. Here the model parameters
were extracted in frequency domain from FFT spectrum; new methods in time domain for model
parameter estimation can be explored.
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Chapter 5
Summary and Conclusions
Speech modifications require development of basic understanding of speech production mechanism.
Source/ Filter theory for speech production mechanism provides good framework for voice conversion
as it allows to represent speech as a composite consequence of source signal (excitation) and system.In
order to achieve high quality of synthesized speech voice conversion techniques aim to find the answers
of two questions: What can we transform? and How to transform? Voice modification techniques
can be applied for speech modifications at source level and system level separately and modified
components can be combined to synthesize modified speech.
5.1 Interpretation of results
This work was directed to study speech modifications at source level.At source level the prosody
modifications are of foremost importance in a voice conversion framework.In this dissertation pitch
and time scale modifications were implemented using two methods TD-PSOLA and linear predic-
tion residual modification using epoch based approach.The TD-PSOLA algorithm is computationally
simple and quite straight forward to implement but it has several drawbacks.By listening the mod-
ified speech wavforms it was noticed that the naturalness of the modified speech was preserved for
both the methods.In terms of naturalness of synthesized speech for both of the methods the time
scale modification provided perceptually good quality of synthesized speech as compared to pitch
scale modification.At the same time it was also observed that if the same speech utterance is mod-
ified using TD-PSOLA and epoch based method separately while keeping the modification factor
same,synthesized wavforms sounded perceptually same but the advantage of epoch based approach
over TD-PSOLA is that epoch based method can be useful to modify pitch in an unconstrained
manner as in epoch based approach speech is synthesized by modifying LP residual with the help of
new epochs on an arbitrary pitch contour which may be a predicted pitch contour.
The prediction of target pitch contour is always required in voice conversion framework.For this
purpose the simplest approach mean/varience method was discussed.This method shifts only pitch
range values but does not capture local intonational patterns.
The TD-PSOLA and epoch based approach are non-parametric approaches as no speech model is
required for speech modifications in these two approaches.Sinusoidal speech modeling is a paramet-
ric approach which is also useful for speech modifications.The estimation of sinusoidal parameters
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using short time fourier transform and speech analysis/synthesis was discussed.As a simplification
of sinusoidal speech model the speech was sythesized without any modification using harmonic and
Harmonic plus residual models.The model based approach can give more flexibility for speech modi-
fications at the cost of comutational efficiency.This work does not discuss speech modification using
sinusoidal modeling.
5.2 Directions for future work
In this work the prosody modifications were carried out for constant factors in general modifications
should be applied in a time varing manner over the speech utterance.
This work does not discuss modifications at system level.The system response has the information
about the speaker identity.In order to develope the complete voice conversion system modifications
at system level are required.
There is a need to work upon synthesis step because the speech synthesis techniques play a key role
to maintain the quality of final modified speech.
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